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There  is  a fundamental  gap in  the  evidence  base  on quantitative  cross-country  compari-
son of  mental  healthcare  systems  due  to  the  challenges  of  comparative  analysis  in  mental
health including  a paucity  of  good  quality  data. We  explore  whether  existing  limited  data
sources  can  potentially  be exploited  to examine  technical  efﬁciency  of inpatient  mental
healthcare  systems  in  32  OECD  countries  in  2010.  We  use  two  analytical  approaches:  Data
Envelopment  Analysis  (DEA)  with  bootstrapping  to  produce  conﬁdence  intervals  of  efﬁ-
ciency scores  and country  rankings,  and  Cluster  Analysis  to group  countries  according  to
two  broad  efﬁciency  groupings.  We  incorporate  environmental  variables  using  a two-stage
truncated  regression.  We  ﬁnd  slightly  tighter  conﬁdence  intervals  for the  less  efﬁcient
countries  which  loosely  corresponds  with  the  ‘inefﬁcient’  cluster  grouping  in the  Clus-
ter Analysis.  However  there  is  little  stability  in  country  rankings  making  it difﬁcult  with
current  data  to draw  any  policy  inferences.  Environmental  factors  do not  appear  to  sig-
niﬁcantly  impact  on  efﬁciency  scores.  The  most  pressing  pursuit  remains  the  search  for
better  national  data  in  mental  healthcare  to underpin  future  analyses.  Otherwise  the  use  of
any  sophisticated  analytic  techniques  will  prove  futile  for  establishing  robust  conclusions
ional  co
hors. Pregarding  internat
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. IntroductionThe World Health Organization (WHO) World Health
eport (WHR), while provoking much critical debate at a
onceptual and empirical level, made an important contri-
ution in seeking to provide a quantitative assessment of
omparative health system performance, bringing the topic
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to the attention of policy makers worldwide [1]. Quantita-
tive cross-country comparisons have been used in many
different contexts and while they present many challenges
[2], can constitute a rich source of evidence for policy
makers [3]. There has been a substantial effort to conduct
such quantitative cross-country comparisons for health-
care systems focusing on physical health or particular
disease conditions [4,5]. Very little research endeavour has
focused on cross-country comparisons of mental health
care performance. One of the key reasons for this has
been due to substantial gaps in the data for mental health
compared to physical health [6]. There is therefore a
fundamental gap in the evidence base on quantitative com-
parative mental health care system performance.
Some international efforts have been made to estab-
Open access under CC BY-NC-SA license.lish cross-national comparative benchmarking for mental
health indicators. The National Institute for Health and
Welfare in Finland together with the European Commis-
sion Health Monitoring Programme developed a set of
r CC BY-NC-SA license.
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mental health performance indicators for European Union
countries [7]. The Organization for Economic Cooperation
and Development (OECD) has also identiﬁed key mental
health quality indicators for use in international bench-
marking [8]. The OECD Health Care Quality Indicators
(HCQI) project currently collects two mental health indica-
tors – re-admission rates for schizophrenia and bipolar dis-
orders [9], while the WHO  have developed the Assessment
Instrument for Mental Health Systems (WHO-AIMS 2.2) to
assess mental health system performance on a multi-item
scale [10]. The WHO’s Department of Mental Health and
Substance Abuse has designed ‘Project Atlas’ to collect data
on resource use for mental health on a global basis [11].
There are particular challenges to mental health com-
parative analysis. Lauriks et al. [12] report on many national
initiatives to develop performance measures for mental
health. They provide a systematic review identifying 1480
unique performance indicators that are used internation-
ally to measure the performance of public mental health
care. They ﬁnd that less than 3% of performance indicators
actually assess the efﬁciency, cost or expenditure of mental
health care systems. Most countries which collect data on
mental health quality and performance, tend to focus on
hospital care and measures of utilization [13]. There is also
a wide variation between countries in the indicators which
are collected, reﬂecting a focus on local priorities. This
makes international comparative work more difﬁcult. Efﬁ-
ciency and performance measurement is also immensely
more challenging in mental than in somatic health care due
to difﬁculties in measuring outputs and outcomes, the com-
plex nature of mental health care [14], interactions with
non-health sectors and the seriously marginalizing social
consequences of mental ill health which may  impact on
measurement [15].
There is a substantial gap between the burden caused by
mental disorders and the resources available to prevent and
treat them. Neuropsychiatric disorders are estimated to
account for 14% of the global burden of disease [16,17]. The
economic costs to societies of mental health problems are
enormous, including lost employment, absenteeism and
sick leave, reduced performance at work, lost leisure oppor-
tunities and premature mortality [18]. Conservatively the
costs of poor mental health are estimated to account for
3–4% of GDP in the European Union (EU) alone, yet nowhere
in the EU does spending on mental health much exceed 1%
of GDP [19]. Funding for mental health as a proportion of
the total health budget in the EU ranges from around 14% in
England to much less than 4% in some countries including
Bulgaria, the Czech Republic, Poland and Portugal [15]. The
relatively low level of resources allocated to mental health
and the commensurate large burden of disease, makes the
efﬁcient use of resources imperative. Moreover, there is an
increased impetus to this need given the current economic
context which has seen a consolidation in overall health
(as well as mental health) budgets in a number of OECD
countries [20].
We aim to examine the feasibility of quantitative
cross-country comparison of mental healthcare systems
by exploiting available, though limited data sources on
mental health care systems. We  examine whether dif-
ferent analytical approaches are able to offer insightslicy 112 (2013) 88– 99 89
into quantitative international comparison in this much
neglected area. Our research question asks whether it is
feasible to use different methodological approaches on cur-
rent data to analyze the technical efﬁciency of inpatient
mental health care in a cross-country context. Technical
efﬁciency refers to the extent to which a country secures
the maximum output attainable given its inputs [21]. While
many OECD countries are increasingly moving towards
community-based models of mental health care, inpatient
care still constitutes a core component of care and one
which accounts for a signiﬁcant amount of resources. On a
global basis, 67% of mental health expenditures are directed
towards mental hospitals (54% in high income (World Bank
classiﬁcation) countries and 60% in the EURO region) [11].
We try to tease out the relative efﬁciency of inpatient
mental health care systems across 32 OECD countries. We
propose the use of two  analytical approaches, Data Envel-
opment Analysis (DEA) with bootstrapping [22] and Cluster
Analysis [23] which may  offer potential for exploring
the data. We  examine whether these techniques provide
complementary results in terms of distinguishing groups
of countries that are high or low performers in terms
of efﬁciency. Both DEA and Cluster Analysis are explo-
rative data mining techniques and we examine whether
these methods applied to existing, even very limited
data sources, can offer any scope for cross-country com-
parative insights. DEA has previously been applied to
measure the efﬁciency of mental health services primar-
ily in national contexts [24–26], but not in a cross-country
context. There have been very few cross-country com-
parative studies of health systems using Cluster Analysis
[27].
The Scientiﬁc Peer Review Group that commented on
the WHO  (2000) WHR  [1], suggested future compara-
tive efﬁciency analyses should explore exogenous factors
that may  impact on health system performance [28]. We
include four environmental variables in the efﬁciency anal-
ysis to examine whether they contribute to efﬁciency
estimates and whether they impact on countries’ ability
to improve their efﬁciency. We  also employ a two-stage
DEA analysis, where the bootstrap DEA scores are regressed
against a set of environmental variables using a truncated
regression analysis, to assess the impact of potential exoge-
nous factors on technical efﬁciency [29,30].
2. Data
We  use data from the 2012 edition of the OECD Health
Database and acknowledge there are a number of signiﬁ-
cant limitations around data availability and measurement
[9]. The majority of the data covers the year 2010 but there
are a notable number of exceptions where data from earlier
years had to be used in order to get the most complete
dataset possible. This is clearly far from ideal since there
may  be an intervening period of a number of years between
countries in which signiﬁcant change may  have occurred
in the mental healthcare systems. Yet countries are
being evaluated as if all inputs and outputs are occurring
contemporaneously. Furthermore, there are important
limitations to cross-section data – they could lead to mis-
leading inferences if variables are inﬂuenced by systematic
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uctuations, and there is no way of accounting for omitted
xplanatory variables or controlling for unobservable
eterogeneity [31]. However, it was deemed important to
ry to get some data coverage rather than none at all at a
ingle point in time for as many countries as possible at the
ery least, to start to get a snapshot of what is happening
n terms of inpatient mental health care efﬁciency.
As mentioned, very few performance indicators assess
easures of efﬁciency, cost or expenditure of mental health
are systems. It is recognized that information on health
are costs and health expenditure is often limited in scope
nd comparability, and healthcare expenditure data by dis-
ase are often particularly difﬁcult to obtain for research
urposes [32]. While we explored the use of mental health
are system expenditure data from the WHO  Atlas [11],
he coverage was too low to allow analysis with a sufﬁ-
ient sample size. Ideally, we would seek to have data on
ealth outcomes, however OECD Health Data [9] on sui-
ide rates, anti-depressant consumption, and readmission
ates for schizophrenia and bipolar disorder, had to be dis-
arded due to low coverage. Equally we would want data
n case-mix adjustment, measures of quality, responsive-
ess, and experience, to provide a fuller picture of inpatient
ental health care efﬁciency, but were constrained by data
vailability. Nevertheless, we seek to explore the feasibil-
ty of using existing data sources and exploiting them to
he full to assess their ability in providing insights when
crutinized under different methodological approaches.
Table 1 describes the variables used in the DEA analysis
long with descriptive statistics, the mean and standard
eviation. We  include a number of different inputs to
npatient mental healthcare services (psychiatrists, beds,
ength of stay) and outputs (discharges). We  also control
or potential environmental factors that may  impact on
ountries’ abilities to transform inputs into outputs, such
s key population socio-economic factors. We  describe
ach variable in turn.
Supplemental Fig. S1 shows a cross-country compari-
on of the number of psychiatrists per 1000 population
nd highlights that Switzerland is an outlier relative to
ther OECD countries. This may  partially be explained by
 relatively high annual average growth rate of psychia-
rists of 5.4% between 2000 and 2010. It is also notable
hat Chile and Mexico have very low numbers of psychia-
rists, a reﬂection of the overall low rates of medical doctors
9].
As also shown in Fig. S1, Belgium and Netherlands have
 relatively high number of psychiatric care beds and this
ay  provide hospitals with incentives to keep patients
onger. Measures of the availability of psychiatric beds may
ary substantially across countries because of the variation
n the organization and management of mental health
ervices within health care systems. The evidence base to
upport a community care centred approach has continued
o grow [33,34]. This changing evidence base means that
ountries are now at very different stages in rebalancing
heir mental health systems, so as to make community
ased care the mainstay of the system [11]. Across nearly
ll of western Europe there has been a shift in the balance
f care with the closure of many psychiatric hospitals
nd the transfer of beds to general hospitals. In much oflicy 112 (2013) 88– 99
northern Europe this has been accompanied by investment
in social and community care based services. Elsewhere, in
Mediterranean countries such as Italy, Portugal and Spain,
there has been little investment in community-based
alternatives and much of the responsibility for support
rests with families. In contrast, in much of central and
eastern Europe long-stay very large and often isolated
psychiatric hospitals and social care homes (internats) still
dominate; there are few incentives to change the balance
of care, particularly where local communities rely on these
institutions for employment.
Average length of stay (ALoS) is often used as a measure
of efﬁciency or a surrogate measure for cost or resource
use. All other things being equal, a shorter stay will reduce
the cost per discharge and shift care from inpatient to less
expensive post-acute settings [3]. However ALoS is also
often seen as an important quality indicator [35] which
may be associated with health outcomes, recovery and
readmission rates [36], making it a valid input in the DEA
approach [37]. Fig. S1 of the supplemental data shows a
cross-country comparison of ALoS for OECD countries. It
highlights the two  countries with outlier values on ALoS
(Korea and Greece). Financial incentives inherent in hos-
pital payment methods can inﬂuence length of stay. In
particular, Korea has a per diem payment system for inpa-
tient care which may  incentivize lengths of stay longer than
are clinically necessary.
We  would ideally seek to include health outcomes
alongside health output measures such as discharges, since
health gain is the key indicator of the success of a health
system, however analysts are often constrained in practice
to examine efﬁciency on the basis of measures of activities
such as discharges, as proxies for health outcomes. Further-
more, mental health outcomes are notoriously difﬁcult to
capture [15]. Measuring activities can address a fundamen-
tal shortcoming of outcome measurement which is how
much of the outcome is attributable to the health care sys-
tem [21]. The ﬁnal diagram in Fig. S1 shows a cross-country
comparison of discharges for mental and behavioural dis-
orders per 1000 population. Germany, Austria and Finland
have the highest rate of discharges while Israel and Mexico
have the lowest. In general, those countries that have more
hospital beds tend to have higher discharge rates, thus it is
not unusual for Mexico to have the lowest rate of discharges
given that it also has the lowest rate of beds.
Alcohol consumption is included as an environmental
factor since it is particularly strongly associated with men-
tal health problems [38]. OECD Health Data contains data
on the annual consumption of pure alcohol in litres per
person aged 15 years and above. Average per capita con-
sumption may  fail to account for a particularly dangerous
pattern of consumption, namely large quantities of alcohol
at a single session (“binge drinking”) which is on the rise in
some countries and social groups. Nevertheless, population
consumption patterns may be an important environmental
factor because rates of co-occurring mental and substance
misuse conditions have been documented with an esti-
mated 42.7% of adults in the US aged 15–54 with an alcohol
or drug disorder also having a mental disorder and 14.7%
of those with a mental disorder also having an alcohol or
drug disorder [38].
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Table 1
Description of data used in efﬁciency analysis and model speciﬁcations.
Variable Year 2010 except Deﬁnition Mean (std dev) M1  M2  M3 M4
Inputs
Psychiatrists 2007 (Slovak Republic)
2009 (Australia,
Denmark, Italy,
Netherlands, Sweden)
Per 1000 population. The
ﬁgures normally include
psychiatrists,
neuropsychiatrists and child
psychiatrists. Psychologists are
excluded. The numbers are
presented as head counts,
regardless of whether
psychiatrists work full-time or
part-time.
0.15 (0.08)
√ √ √ √
Psychiatric beds 2008 (Australia,
Canada, Greece,
Netherlands, USA)
Per 1000 population.
Psychiatric care beds are beds
accommodating patients with
mental health problems. They
include beds in psychiatric
departments of general
hospitals, and all beds in
mental health and substance
abuse hospitals.
0.62 (0.37)
√ √ √ √
Average length of stay
(ALoS)
2007 (Greece) 2008
(Belgium) 2009
(Australia, Canada,
Chile, Hungary, Italy,
Netherlands, Portugal,
USA)
Average length of stay (ALoS)
refers to the average number of
days that patients with a
primary diagnosis of a mental
or  behavioural disorder
(ICD-10 F00-F99 and ICD-9
290-319) spend in hospital. It
is measured by dividing the
total number of days stayed by
all inpatients during a year by
the number of admissions or
discharges. Day cases are
excluded.
24.32 (23.20)
√ √ √ √
Outputs
Discharges 2007 (Greece) 2008
(Belgium) 2009
(Australia, Canada,
Chile, Hungary, Italy,
Netherlands, Portugal,
USA)
Per 1000 population. Hospital
discharge is deﬁned as the
release of a patient with a
primary diagnosis of a mental
or  behavioural disorder
(ICD-10 F00-F99 and ICD-9
290-319) who  has stayed at
least one night in hospital. It
includes deaths in hospital
following inpatient care.
Same-day discharges are
usually excluded, with the
exceptions of Chile, France,
Korea, Norway, Poland, the
Slovak Republic, Turkey and
the United States which
include some same-day
separations.
543.18 (428.08)
√ √ √ √
Environmental variables
Alcohol consumption 2007 (Israel, Korea,
Portugal) 2008
(Belgium, Luxembourg,
Mexico) 2009
(Australia, Austria,
Czech Republic,
Germany, Greece,
Hungary, Italy,
Netherlands, Slovak
Republic, Spain, USA)
Alcohol consumption is
deﬁned as annual sales of pure
alcohol in litres per person
aged 15 years and over.
9.63 (2.79)
√ √
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Table  1 (Continued)
Variable Year 2010 except Deﬁnition Mean (std dev) M1  M2 M3 M4
Income – Income is deﬁned as gross
domestic product (GDP) per
1000 population measured in
US$PPP. Purchasing power
parities (PPPs) are the rates of
currency conversion that
eliminate the differences in
price levels between countries.
Per capita volume indices
based on PPP converted data
reﬂect only differences in the
volume of goods and services
produced. Comparative price
levels are deﬁned as the ratios
of PPPs to exchange rates. They
provide measures of the
differences in price levels
between countries. The PPPs
are given in national currency
units per US dollar. The price
levels and volume indices
derived using these PPPs have
been rebased on the OECD
average.
33,977,000
(13,861,000)
√ √
Education – Education is deﬁned in terms
of the percentage of the
population with at least upper
secondary education.
73.53 (16.75)
√
Unemployment – Unemployment is measured as
a  percentage of the civilian
labour force
8.62 (3.86)
√ √
Source: OECD (2012) OECD Health Data 2012, OECD Publishing, Paris. OECD (2011) Education at a Glance 2011, OECD Publishing, Paris. OECD (2012), OECD
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ote: N = 32.
1 = Model 1, M2 = Model 2, M3  = Model 3, M4  = Model 4.
Income and education are often used as inputs to a
ealth production function and are equally relevant to
he production of mental health. Income is measured in
erms of GDP per 1000 population in US$ adjusted for
rice differentials across countries. Education is measured
y the percentage of the population with at least upper
econdary education. Income and education are included
n the model as proxies of socio-economic status. Numer-
us studies have documented the association between the
revalence of mental disorders and lower socio-economic
tatus [39,40]. This relationship may  be due to (1) social
ausality, whereby social and economic circumstances
etermine mental health outcome; or (2) social selection
n that people with mental illness descend the social scale
ecause of their illness (or conversely cannot rise up the
ocial scale) and their mental illness is caused by factors
ther than socio-economic ones.
Labour market participation has a strong association
ith the maintenance of mental health [18]. Recent evi-
ence from the OECD reveals that people with severe
ental illness are 6–7 times more likely to be unem-
loyed than people with no such disorder while people
ith a common mental illness are 2–3 times more likely
o be unemployed. Moreover, unemployment is very
etrimental to mental health and people with mental
isorders who ﬁnd and sustain good-quality employ-
ent see signiﬁcant improvements in mental health
18].3. Methods
Data Envelopment Analysis (DEA) is a non-parametric
approach that uses the simple notion that a mental
healthcare system that produces more output than another
for the same amount of input can be considered more
efﬁcient [41]. DEA makes minimal assumptions about the
underlying technology making it less susceptible to speci-
ﬁcation error, but with no scope for random error [42–44].
The choice of DEA to measure efﬁciency in this study can be
justiﬁed by its relative strength, along with bootstrapping
procedures [45], in dealing with small sample sizes [21].
DEA has been criticized for being deterministic, vulnerable
to sampling noise in the efﬁciency estimates and sensitive
when outliers exist [46], particularly when sample sizes are
small as in our study. Hence, the bootstrapping approach
[45] is employed to address some of these limitations.
The construction of the efﬁciency frontier is based
on ‘best observed practice’ and is only an estimate of
the true, unobserved efﬁciency frontier. Since statistical
estimators of the frontier are obtained from ﬁnite samples,
the corresponding measures of efﬁciency are sensitive to
the sampling variations of the obtained frontier [47]. Boot-
strapping is a statistical tool for analyzing the sensitivity of
measured efﬁciency scores to sampling variation. We  use a
smoothed bootstrap whereby independent and identically
distributed bootstrap samples are drawn from a smooth
consistent estimator of the joint density of the production
ealth PoV. Moran, R. Jacobs / H
set of physically attainable points [45]. We  repeatedly
simulate the data-generating process through re-sampling
and apply the original estimator to each simulated sam-
ple so that the resulting estimates mimic  the sampling
distribution of the original estimator. We  apply the
bootstrap algorithm applied by Simar and Wilson [47].
While it remains true that DEA does still not allow for
random noise or measurement error in the data, the
bootstrap procedure addresses some of the criticism by
correcting the sampling bias and allows for classical statis-
tical inference, thus conﬁdence intervals can be generated
for the efﬁciency estimates and rankings [45,47]. One can
then examine the sensitivity of DEA efﬁciency scores and
country rankings to variations in sample composition.
Conﬁdence intervals for countries on the fringes of the
data may  be wider, suggesting the estimates are based
on thin data, and should be interpreted cautiously. The
reliability of an efﬁciency score and resultant ranking
depends on the density of observations in the region of
the frontier where a country is located. Countries with
atypical inputs and outputs tend to be considered efﬁcient
but this result may  simply be a consequence of the lack of
comparable observations. We  therefore test the sensitivity
of our results by running numerous different models and
provide conﬁdence statements around the point estimates
[48,49].
We  employ variable returns to scale (VRS) [50] since
we have ratio data [51] and an input orientation because
many healthcare systems may  face resource constraints
and incentives may  be more readily oriented towards min-
imizing inputs such as length of stay or beds.
We  analyze a baseline model (Model 1) with no environ-
mental adjusters and test the sensitivity to the inclusion of
various environmental variables. The four environmental
variables enter the model as uncontrolled inputs [52,53].
Table 1 speciﬁes the variables used in 4 models which
illustrate the inclusion of the key characteristics of the
inpatient mental healthcare system and various combi-
nations of environmental variables. All 4 models include
the 3 key inputs and 1 output, with Model 1 including
no environmental adjusters. Model 2 includes only alcohol
consumption which is considered the environmental vari-
able most closely aligned to mental health problems. Model
3 tests the inclusion of a key socio-economic determinant,
income, along with a key measure of labour market partici-
pation, unemployment. Model 4 includes all environmental
adjusters.
An alternative approach to dealing with environmen-
tal variables is a two-stage approach whereby DEA scores
in the ﬁrst stage are regressed on covariates in the second
stage using a tobit regression. The DEA efﬁciency estimates
are however serially correlated, invalidating classical sta-
tistical inference. We  use the approach proposed by Simar
and Wilson [22] which is an alternative second stage
truncated regression estimation procedure using the boot-
strap estimators to solve the dependency problem. The
bias-corrected efﬁciency scores from the ﬁrst stage are
therefore regressed on the four environmental factors in
the second stage. If signiﬁcant, variables with an estimated
positive coefﬁcient would be interpreted as having a pos-
itive impact on efﬁciency in the truncated regression. Welicy 112 (2013) 88– 99 93
test for multi-collinearity of the environmental covariates
using the Variance Inﬂation Factor (VIF).
Cluster Analysis is a technique used to group similar
variables together into distinct categories. Most applica-
tions of Cluster Analysis partition the data so that each
object or observation belongs to a single cluster and the
complete set of clusters contain all of the data [23]. There
are various ways in which clusters can be formed and we
utilize hierarchical agglomerative clustering whereby each
country begins as a unique cluster and is consequently
grouped with other countries to create smaller clusters
so that the average distance between all countries in the
resulting cluster is minimized [23]. We  test a number of
different algorithms (complete linkage, Ward’s method,
centroid method and median method) and base our ﬁnal
Cluster Analysis on the average linkage algorithm to con-
nect countries to form clusters based on their distance.
Euclidean distances are applied as these are most com-
monly used for ratio data [54]. We  again use a number
of different models to test the robustness of the results,
but present results for Model 1, our baseline model for the
inpatient mental healthcare system.
At different distances, different clusters will form, which
can be represented using a dendrogram or tree dia-
gram which provides a visual display of the clusters. The
dendrogram shows the hierarchical clustering which the
algorithm provides. The hierarchy of clusters merge with
each other at certain distances. In a dendrogram, the y-axis
marks the distance at which the clusters merge, or the dis-
similarity measure, while the countries are placed along
the x-axis such that the clusters don’t mix.
For the DEA analyses we use the FEAR [55] (Version
1.15) package in R (version 2.13.1). The Cluster Analysis
and the truncated regression were performed in Stata 12.1.
The data and the R and Stata code are available as (online)
appendices.
4. Results
Fig. 1 shows the results of the 4 DEA models. Countries
are ranked from highest to lowest efﬁciency scores and
95% conﬁdence intervals surround the point estimates. The
ﬁgure also shows the country rankings and ranking dis-
tributions bounded at the 5th and 95th percentiles of the
distribution for each model. It is interesting to note that for
some countries the ranking falls outside the 95% interval.
This is because the distributions of DEA efﬁciency scores
are typically skewed [47].
Countries with higher efﬁciency estimates like Slove-
nia, Korea, Poland, Denmark, Hungary, Italy, Chile, United
States, Austria, Norway, Turkey, Mexico, and Germany,
tend to have much wider conﬁdence intervals suggesting
less security around the point estimates. These countries
do however tend to have higher efﬁciency scores regard-
less of which model is used. There are however countries
which are highly sensitive to model speciﬁcation, such as
Switzerland. This is because Switzerland is an outlier on
some dimensions; it has very high numbers of psychiatrists
(see Fig. S1), but also has high levels of beds and discharges,
and low unemployment.
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Fig. 1. The 4 DEA model results and country-speciﬁc rankings.
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Fig. 1. (Continued).
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Table 2
Truncated regression results for environmental variables.
Variable Coefﬁcient (std
error)
95% conﬁdence
interval
Lower
bound
Upper
bound
Constant 0.944 (0.033)*** 0.469 1.420
Alcohol consumption −0.002 (0.016) −0.033 0.030
Income −0.005 (0.000) −0.011 0.002
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xicoEducation 0.001 (0.003) −0.004 0.006
Unemployment −0.015 (0.011) −0.037 0.007
*** Signiﬁcant at 1% level; total number of iterations = 2000.
There appears to be greater stability for the very bot-
om ranked countries with tighter conﬁdence limits. United
ingdom, Greece and Netherlands, tend to consistently
ppear towards the bottom of the league table.
Our baseline Model 1 without any environmental
ariables appears to have slightly narrower conﬁdence
ntervals compared to a model which incorporates all
otential environmental variables, Model 4. This suggests
he results for the more parsimonious model focusing
ust on the inpatient mental healthcare system may  offer
lightly more secure efﬁciency estimates.
When, however, we  examine the ranking distributions
or countries in Fig. 1, the conﬁdence intervals are very
uch wider and it is much more difﬁcult to make any
eﬁnitive statements about relative comparisons of coun-
ry standings. Indeed given the wide overlapping intervals,
he rankings for the majority of countries appear some-
hat arbitrary. It is however the case that countries with
verlapping conﬁdence intervals from the efﬁciency scores
n the ﬁrst part of Fig. 1, which should in principle share
ankings since they are indistinguishable, are forced to have
eparate rankings from 1 to 32. This enforces to some extent
ore variability in the rankings compared to the efﬁciency
cores, resulting in wider conﬁdence intervals in the second
art of Fig. 1.
Nevertheless, the results suggest a small number of
ountries, Greece, United Kingdom and Netherlands, tend
o remain clustered at the bottom of the rankings with
arginally tighter conﬁdence intervals, suggesting they
ay  be deserving of further scrutiny to ascertain the rea-
ons why their apparent relative performance may  fall
hort of their counterparts. Greece and the United King-
om for instance have relatively longer lengths of stay and
he Netherlands has low rates of discharges.
Overall, the DEA results suggest we are able to discern
ome broad differences in patterns of efﬁciency between
ountries, but we should proceed with extreme caution
hen it comes to any kind of ranking.
Truncated regression results for the environmental vari-
bles are presented in Table 2. We  ﬁnd no multi-collinearity
etween regressors (VIF = 1.32). None of the environmental
ariables are signiﬁcant in the model suggesting that they
o not contribute to explaining variation in cross-country
fﬁciency scores. This gives some credence to the appropri-
teness of the baseline Model 1, given that external factors
re not playing a key factor in the efﬁciency analysis.
Fig. 2 presents the dendrogram showing two clusters
f countries, the ‘efﬁcient’ cluster with 12 countries andFig. 2. Cluster analysis dendrogram.
the ‘inefﬁcient’ cluster with 20 countries. The average efﬁ-
ciency within the 2 clusters are 0.71 (C.I. 0.63–0.8) and 0.67
(C.I. 0.58–0.77) respectively though the difference is not
statistically signiﬁcant, suggesting the apparent differences
between the two country groupings is purely descrip-
tive. Nevertheless, the Cluster Analysis results, loosely
correlate with the results from the DEA analysis in Model
1. The ‘efﬁcient’ countries with the wider conﬁdence inter-
vals tend to map  more poorly to the dendrogram and
Korea, Chile, Turkey, Denmark, Norway, Italy, Slovenia,
and Mexico appear to be clustered ‘erroneously’ in the
‘inefﬁcient’ group in the Cluster Analysis. The set of inef-
ﬁcient countries in the DEA analysis with the narrower
conﬁdence intervals all correspond with the inefﬁcient
cluster grouping in the Cluster Analysis and appear to have
been categorized in a consistent way with the DEA model.
Though the results are very tentative given the poor data,
the correspondence in groupings given by the two  meth-
ods cautiously suggests the potential for the two  analytical
techniques to potentially discriminate between groups of
countries in terms of efﬁciency if better data were available.
5. Discussion
This paper aims to examine the feasibility of quan-
titative cross-country comparison in mental health by
exploiting available OECD data on inpatient mental health-
care services using cross-section data on 32 countries. We
examine the use of two analytical approaches to explore
relative efﬁciency on available, albeit very limited data,
namely DEA with bootstrapping and Cluster Analysis. We
examine whether these methods produce complementary
results in categorizing countries in terms of broad pat-
terns of efﬁciency. We  use inputs and outputs to inpatient
mental healthcare services as well as key environmen-
tal factors employing two  different approaches to dealing
with environmental variables, ﬁrst as uncontrolled inputs
and then in a two-stage DEA bootstrap model. We  test for
the sensitivity of the speciﬁcation of the environmental
adjusters in the DEA models by applying various permuta-
tions of the environmental variables. The baseline model of
inpatient mental healthcare which excludes environmen-
tal adjusters appears a slightly more reasonable model with
which to examine performance, at least of existing albeit
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imperfect indicators, since external factors used in the two-
stage model, are not contributing signiﬁcantly to countries’
ability to deliver technical efﬁciency.
We ﬁnd very wide conﬁdence intervals for the coun-
try rankings of the 4 DEA models presented. There
is a small clutch of poorer performing countries that
produce slightly more stable country rankings with
narrower conﬁdence intervals. However for the majority
of countries, it is impossible to distinguish differences in
relative ranking. It is meaningless, therefore, to attempt
literal interpretations of country efﬁciency scores and rank-
ings, particularly for the top performing countries where
conﬁdence intervals are wider. The results for the Clus-
ter Analysis show greater complementarity with DEA for
those countries grouped at the lower end of the league table
where conﬁdence limits were slightly tighter. Cluster Anal-
ysis appears to be feasible as a complementary exploratory
tool when efﬁciency rankings are more secure.
Given the variability in country rankings, it would be
imprudent for policymakers to focus on the point esti-
mate for their country. Any policy response to this type
of analysis should be tempered by the individual coun-
try circumstances and action should only be taken after
more detailed investigation. DEA and Cluster Analysis are
useful diagnostic tools and the methods allow us to indi-
cate where further policy scrutiny may  be warranted. These
methods may  facilitate a dialogue with policymakers about
understanding the causes of any anomalies in the data.
International health system comparisons are still at a
developmental stage and there is a need to make policy-
makers aware of the strengths and limitations of the data,
methods and results of such comparisons. For instance,
some countries in the ‘inefﬁcient’ group may  have directed
policy effort away from inpatient care, with a focus on
people with more severe mental disorders, towards the
majority of patients with more mild to moderate mental
illness who are treated in ambulatory settings. An analy-
sis which focuses on inpatient care cannot examine these
trade-offs.
A further scrutiny of data by policymakers may  for
instance reveal that indicators are not measured consis-
tently across countries. For instance, in the Netherlands,
the measure of beds includes beds in institutions for long
term care patients with mental health problems with a low
intensity of care. These beds might be included in the social
care sector in other countries. Unpicking the data in this
way allows policymakers to consider the appropriateness
of either improving bed use or improving the measurement
of indicators on bed use.
There remains considerable variation in the extent
to which national data collection enables comparisons.
Improved communication of the data requirements for
mental health system performance comparison is a step
towards enhancing the utility of such exercises [32].
6. ConclusionsWhile there are clear limitations to this analysis: only
a single output is modelled, no outcomes are considered,
only a single year is measured (when outputs may  be
the result of cumulative inputs), no adjustment is madelicy 112 (2013) 88– 99 97
for case-mix complexity or quality of care, and there is
measurement error in the data, this paper nevertheless
has provided a ﬁrst step towards examining whether DEA
with bootstrapping and Cluster Analysis can potentially be
used as complementary tools to categorize countries into
broad efﬁciency groupings in this much neglected area.
The results suggest the methods may  be appropriate for an
exploratory analysis to provide a platform for scrutinizing
data anomalies and stimulating the search for better data,
but given the cross-sectional nature of the data and that
they are vulnerable to random ﬂuctuation and measure-
ment error, are not suitable for international comparative
analysis.
The Scientiﬁc Peer Review Group that commented on
the WHR  2000, whilst levelling a number of criticisms on
the efﬁciency analysis, suggested these did not obviate the
need for cross-country comparative efﬁciency studies [28].
One of the essential outcomes of an exercise such as the
WHR  2000 [1] was  the potential to stimulate the search for
improved conceptual models.
A key challenge in comparative analysis of mental
health system performance, is the development of a
common conceptual framework. The complexity of men-
tal healthcare and the considerable variation between
countries in the organization of mental healthcare systems
and the infrastructure to deliver care, including the infra-
structure available to collect data on indicators of mental
health performance, make this a difﬁcult task. Agreeing the
priorities for performance assessment is an important ﬁrst
step, since this agenda can only be acted upon if there is
agreement on the set of indicators to be incorporated in an
efﬁciency analysis [56].
A key second step is provision of appropriate informa-
tion on comparative performance in order for policymakers
to act upon it. Mental health data has much scope for
improvement in terms of quality, consistency and cover-
age. There is a much greater availability of data in most
OECD countries on hospital based care. There is a paucity
of data that focuses on recovery-oriented, and patient-
centred services in primary and community based settings
[13]. Current data at an international level still very much
reﬂects institutional models of care. Evidence suggests
investment in mental health information systems is needed
to improve measurement of process and outcomes of men-
tal health care, including indicators of effectiveness and
safety, data on treatment and procedures, mental morbid-
ity and mortality data [6]. While many OECD countries are
investing in information systems to feed this process, much
still needs to be done [56]. New data sources such as per-
sonal health records will create potential for comparisons
of health systems in the treatment of mental disorders,
where patient-related factors such as adherence to treat-
ment and lifestyle changes are just as important as proper
use of medical interventions and services [32]. The expan-
sion of unique patient identiﬁers will also mean a radical
step forward for many mental health care systems to track
patients across settings, across the full care pathway, to
assess continuity of care, and quality of prescription and
treatment at different levels.
Efforts are being made to improve the level of mental
health information in Europe and to support development
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f comprehensive mental health information systems for
he EU [57]. Such initiatives will support a better future
asis for further comparative studies on mental health sys-
em performance which can potentially use the methods
llustrated in this paper. Comparative analysis of efﬁciency
s still in relatively early stages of development due to its
omplex, multifaceted and sometimes intangible nature
32] and this is particularly true for mental health care
here the additional constraint of poor quality data has
ed to a virtually non-existent evidence base. While we
ave been unable to provide robust results of relative men-
al health system performance, we nevertheless propose
n interesting methodological example of how this could
otentially be achieved using better data. This paper addi-
ionally serves to signal the pressing need for comparative
ational data to enable meaningful comparisons of the
nternational performance of mental health systems.
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